Discoveries of new biomarkers for frequently occurring diseases are of special importance in today's medicine. While fully developed type II diabetes (T2D) can be detected easily, the early identification of high risk individuals is an area of interest in T2D, too. Metagenomic analysis of the human bacterial flora has shown subtle changes in diabetic patients, but no specific microbes are known to cause or promote the disease. Moderate changes were also detected in the microbial gene composition of the metagenomes of diabetic patients, but again, no specific gene was found that is present in disease-related and missing in healthy metagenome. However, these fine differences in microbial taxon-and gene composition are difficult to apply as quantitative biomarkers for diagnosing or predicting type II diabetes. In the present work we report some nucleotide 9-mers with significantly differing frequencies in diabetic and healthy intestinal flora. To our knowledge, it is the first time such short DNA fragments have been associated with T2D. The automated, quantitative analysis of the frequencies of short nucleotide sequences seems to be more feasible than accurate phylogenetic and functional analysis, and thus it might be a promising direction of diagnostic research.
Introduction
Metagenomics [1] is rapidly gaining importance in clinical research [2, 3, 4, 5, 6, 7, 8, 9] , environmental studies [10, 11, 12] and biotechnology [13, 14, 15] . Numer-ous complex and reliable methods have been published for the phylogenetic identification of non-cloned short DNA reads from environmental or clinical samples, for example, the similarity-based methods MEGAN [16, 17, 18] and MG-RAST [19, 20] , the marker-gene identifying phylogenetic analyzer AMPHORA [21] and its more user-friendly versions, AMPHORA2 [22] and AmphoraNet [23, 24] .
These methods use multi-phase, complex approaches to retrieve phylogenetic information from the short read datasets, applying reference database operations in the process.
Surprisingly, it was shown that simple frequency counting of nucleotides or short nucleotide sequences in the metagenomic samples may also imply phylogenetic information.
It has been widely known for a long time that genomic AT/GC ratio is distributed in a wide range in bacterial species, and can be characteristic to some of them [25, 26, 27] . The ratio is shown to be influenced by numerous environmental and metabolic factors [28] and also carries phylogenetic information.
The article [29] reports differences in di-and tetranucleotide frequencies among numerous bacterial species, and examines the possible application of these signatures in molecular phylogeny.
Tetranucleotide sequence frequencies were applied in supervised and unsupervised phylogenetic classification, or "binning" in [30] .
The work [31] applies conserved gene fragments, each encoding several dozens of amino acids, identified from the Pfam database [32] . The fragments are called "environmental gene tags", and are used successfully for phylogenetic binning in [31] .
The study of [3] investigated the differences in gut metagenomes of diabetic and healthy subjects. The metagenomes were de novo assembled, and the bacterial genes were mapped to a metagenomic gene catalog. Genes related to oxidative stress response were found more abundant in the samples originating from diabetic subjects. Additionally, moderate changes in intestinal bacterial composition were detected, but no specific microbes were associated with the metagenomes of the type II diabetes (T2D) patients.
After a very complex selection and filtering process, genome-specific nucleotide markers of length 50 were identified in [33] . The markers were applied for strain/species identification, and also as markers for microbial species that might play a role in T2D and obesity in the data set of [3] .
Here we describe a very simple and straightforward approach for finding short nucleotide sequences whose frequencies significantly differ in T2D and healthy metagenomes of the dataset of [3] . We identify several nucleotide 9-mers that may serve as quantitative biomarkers of the pre-diabetic state in the future. To our knowledge, such short sequences have never been found to characterize T2D or any other disease.
We need to clarify that we do not state that the identified 9-mers will generally be applicable as biomarkers for diabetes for all human populations. We believe that "enterotype-specific" [34] quantitative biomarkers could be found for each enterotypes by exhaustive searches described in the Methods section, and those enterotype-specific biomarkers could serve as predictors of type 2 diabetes mellitus.
Discussion and Results
Our results are summarized on Table 1 and on Figure 1 . Table 1 contains 20 7-, 8-and 9-mers of the highest statistical significance, distinguishing between the diabetic and non-diabetic metagenomes of the study [3] . Table 1 was prepared without considering complementarities between the short nucleotide sequences. Therefore, the complements found with very close frequencies and statistical parameters independently verify our results. It is easy to recognize in Table 1 that TGTGGTA and TACCACA are exact complements. The complement of TCCACAT, ATGTGGA, is almost the prefix of ATGTGGTAC. The complement of TGTGGTACT (line 3) is again the exact complement of AGTACCACA (line 6), just to mention some of the complementarities in the table. Figure 1 gives the empirical cumulative distribution functions of the frequency of 9-mer TGTGGTGTA in the diabetic and in the non-diabetic samples. The difference between the expected values (means) of the two distribution is obvious on the figure and is quantified statistically in Table 1 .
We also searched for short nucleotide sequences characterizing lean/obese and male/female individuals in the dataset of [3] . Only one short sequence passed the statistical significance bound in the lean/obese search, and none in the male/female search (c.f. Table S1 and S2 and Figure S1 in the Appendix).
The source of the bias in short nucleotide sequence frequencies is most probably due to the difference in the gene-and species composition of diabetic and healthy metagenomes, found in [3, 33] . These frequencies could be measured and evaluated more easily than the much more involved characteristics found in [3, 33] .
Materials and Methods
Our data source was the set of metagenomes of 345 Chinese subjects, collected by Qin et al. [3] and deposited in the Sequence Read Archive (http://www.ncbi.nlm.nih.gov/sra) under accession numbers SRA045646 (145 subjects) and SRA050230 (225 subjects). The assembled data was downloaded from the GigaScience database, GigaDB at http://dx.doi.org/10.5524/100036.
We considered all the possible DNA sequences of length at most 9 (this means over 300,000 possible sequences). For each sequence, we counted the number of exact matches in each raw metagenome. Our aim was to determine whether there are any short DNA fragments whose frequencies differ for diabetic/nondiabetic, lean/obese or female/male individuals.
We first defined the frequency of a short DNA fragment for a given metagenome as the number of occurrences (exact matches), divided by the total size, measured in base-pairs (bp), of the metagenome. Additionally -to account for minor mutations -we also included those sequences in the counting process that differed by only one nucleotide, but these were considered with half a weight. So, for example, the final frequency of the sequence AAA included not only how many times the sequence AAA occurs in a specific metagenome, but also how many times AAG, CAA, ATA, ... occur in that metagenome, except that the number of occurrences for these related DNA fragments was divided by two.
Let ℓ M denote the length in base-pairs (bp) of a metagenome M . Let d(s, t) be the number of mismatches between the two sequences of same length, s and t (also called the Hamming distance). Let k M (s) denote the number of exact matches of sequence s in metagenome M . Then f M (s) (the frequency of sequence s with respect to metagenome M ) is defined by the formula
This approach (counting some non-exact matches as well, but with the half the weight) yielded statistically better results when compared to the original, stricter counting process, which only allowed exact matches.
We developed C++ programs for counting the fragments and analyzing the results. Several partitions on the set of subjects were analyzed, by dividing them into two groups by different attributes: diabetic/non-diabetic, lean/obese and female/male. Our aim was to look for short DNA sequences whose mean frequency differs for the two groups.
To achieve this, first we calculated f M (s) for each raw/assembled metagenome M and each short DNA sequence s of length ℓ s ≤ 9. Then, for each s we calculated a p-value using Welch's t-test, which showed whether the frequency s is the same in the two groups (i.e., p is large) or differs significantly (i.e., p ≤ 0.05). Since this was done for each short DNA fragment, the number of total statistical tests done for a given division of subjects was equal to the number of possible s DNA sequences of length at most 9. As this is more than 300,000, there was a high probability that one of the tests would yield a very low p-value but the large measured difference of means would be in fact due to mere chance.
Therefore we utilized a two-step hypothesis testing procedure. First we computed the p-values for Study 1 (with 145 subjects, SRA accession number SRA045646) only, which now became our training set. Then we sorted the possible s sequence candidates by p-value ascending, and chose those 20 sequences which had the lowest p-value. These were those sequences which showed promise that their frequency might differ significantly between diabetic/non-diabetic, lean/obese and female/male individuals, depending our current partitioning of the subjects. Then we tested these selected sequences (and corresponding statistical hypotheses) on the holdout set, which was the collection of metagenomes from Study 2 (SRA accession number SRA050230, 225 subjects). On this set we performed only those 20 tests which qualified in the first round, which again yielded a second p-value for each of the 20 DNA sequences. Then the Holm-Bonferroni correction was used to determine which of the sequences had a significantly different frequency among the two groups. This correction algorithm effectively calculates an upper bound for a p-value which takes the fact that we performed multiple (i.e., 20) statistical tests into account. Since the frequencies in the second study are independent from those in the first study, the first one is indeed a suitable training set for the model, and we can safely ignore that we performed over 300,000 statistical tests on the first study, since we use only the tests on the holdout set to make predictions.
We have applied the raw, unassembled metagenomes from Study 1 and Study 2 to look for short marker sequences of diabetes.
Unfortunately, there was not enough information available to us to determine which subjects of Study 2 are lean/obese or female/male. Thus we had to use the available assembled metagenomes in Study 1 to look for marker fragments for sex and obesity. We partitioned the assembled metagenomes of the first study into two "random" groups: one of the groups consisted of those individuals with an odd subject ID, and the other group contained those with an even ID. One of these was the training set and the other became the holdout set, i.e.
they took the role of Study 1 and Study 2 for the lean/obese and female/male classifications (Tables S1 and S2 in the Appendix).
One sequence passed the significance threshold for the lean/obese division, and none of the short sequences had a significant difference of frequency between the two sexes. 
